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Mark I. Hwang, BIS Department, Central Michigan University, mark.hwang@cmich.edu
Jerry W. Lin, Accounting Department, University of Minnesota, Duluth, jlin@d.umn.edu
Abstract

Neural Fuzzy Systems

Fraud is becoming more prevalent in recent years
as the number of frauds and their costs escalate. At the
same time, the detection of fraud has been badly lagging.
Several recent studies have evaluated the use of computer
technologies such as expert systems and neural networks
in management fraud detection. The purpose of this paper
is to extend this line of research by investigating the
utility of neural fuzzy systems in management fraud
detection. Recent hybrid systems that integrate fuzzy
logic, neural networks and other techniques are reviewed.
A hybrid neural fuzzy system is then proposed to predict
the likelihood of management fraud based on a set of five
financial ratios.

Neural fuzzy systems integrate fuzzy logic with
neural networks. Fuzzy logic is a logical system used to
operate on fuzzy sets. First proposed by Zadeh in the
1960s (Zadeh, 1965), fuzzy logic has gained tremendous
popularity in recent years with applications found in areas
ranging from consumer products to industrial process
control and portfolio management (Cox, 1992; Trippi and
Turban, 1995). In addition, along with neural networks
and genetic algorithms, fuzzy logic constitutes a
cornerstone of “soft computing” (Zadeh, 1994). Unlike
the traditional, hard computing, soft computing strives to
model the pervasive imprecision of the real world.
Solutions derived from soft computing are generally more
robust, flexible, and economical (Malhotra and Malhotra,
1999). Moreover, these techniques are complementary
rather than competitive (Zadeh, 1994). Many researchers
have proposed various forms of integration of fuzzy logic
and neural networks (e.g., Lin and Lee, 1996), but few
have been implemented in practice until recently (von
Altrock, 1997).
The next section reviews some
developments in hybrid systems.

Introduction
Fraud is becoming more prevalent in recent years as
the number of frauds and their costs escalate.
For
example, recent surveys found that (Anonymous, 1999):
•
•
•
•

In the US, fraud and abuse costs companies an
average of $9 per day per employee;
84% of UK companies suffered one or more
frauds in the last five years;
One in four businesses has lost in excess of one
million dollars through fraud in the last five
years;
Most of the worst frauds were committed by
management.

Review of Applications
Li (2000) developed a hybrid system for
developing marketing strategies. Combing the strengths
of expert systems, fuzzy logic and neural networks, this
system supports the process of marketing strategy
development and analysis. Lam, Petri, and Smith (2000)
developed a hybrid system integrating fuzzy logic, neural
networks and algorithmic optimization for use in the
ceramics industry. The system has been implemented in a
major US plant. Vukadinovic, Teodorovic, and Pavkovic
(1999) applied neurofuzzy modeling to the vehicle
assignment problem. They developed a fuzzy system
based on rules obtained from the dispatcher. The system
was then refined via supervised learning to achieve a
better performance. Li, Ang, and Gray (1999) developed
an intelligent business forecaster for strategic planning.
This is a multi-layered fuzzy rule-based neural network,
which integrates a fuzzy logic inference into a neural
network structure. The system was shown to achieve
better learning speed and forecasting accuracy than two
commercial products. Kuo and Xue (1998) developed a
fuzzy neural network for sales forecasting. A fuzzy
neural network (FNN) was developed first to learn fuzzy
rules obtained from marketing experts. The result from
the FNN was then integrated with the forecast from

At the same time, the detection of fraud has been badly
lagging. It is reported that most fraud cases are
discovered by accident and that only 20% of detection are
made by auditors in the course of their duties
(Weisenborn and Norris, 1997; Wells, 1990). Clearly,
auditors need better tools to help them assess the risk of
management fraud more effectively and efficiently.
Several recent studies have evaluated the use of computer
technologies such as expert systems and neural networks
in management fraud detection (Eining, Jones, and
Loebbecke, 1997; Green and Choi, 1997). The purpose of
this paper is to extend this line of research by
investigating the utility of neural fuzzy systems in
management fraud detection.
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where A and B are fuzzy sets (of input variables); p, q,
and r are constants estimated by the model; and z is the
output variable; i.e., fraud prediction. The consequent of
the rules is a linear function rather than a fuzzy set. A
fuzzy model that has this type of fuzzy rules is known as a
Sugeno fuzzy model (Sugeno, 1985). A Sugeno fuzzy
model is easier to work with than the other type, the
Mamdani fuzzy model (Mamdani and Assilian, 1975),
because the defuzzification process is simplified.

artificial neural networks (ANN). The hybrid system
outperformed both conventional statistical methods and
single ANN.
To summarize, a handful of hybrid systems have
just been developed for business and industrial
applications. These systems integrate fuzzy logic, neural
networks, and other techniques to achieve better
performance. Most of these systems are proprietary
systems developed in a laboratory and only one has been
deployed for commercial use. Overall, these early
applications support the superiority of hybrid systems

Improving the Fuzzy Model with Adaptive
Learning

Methodology

The fuzzy model developed from the first step
will be improved through an iterative adaptive learning
process. The training algorithm was developed by Jang
(1993) and termed ANFIS or Adaptive Neuro-Fuzzy
Inference System. Basically, ANFIS takes a fuzzy model
and tunes it with a backpropagation algorithm. During
each epoch, an error measure, usually defined as the sum
of the squared difference between actual and desired
output, is reduced. Training stops when the predefined
epoch number or error rate is obtained.

This paper will develop a neural fuzzy system in
two steps as described below:

A Fuzzy Model Based on Fuzzy Clustering
A fuzzy system can be built if human expertise
or experience is available for the definition of
membership functions. If such knowledge is unavailable,
sample data can be used to derive membership functions
using techniques known collectively as fuzzy clustering.

The ANFIS technique is implemented in Fuzzy
Logic Toolbox as a function with the following format:

The purpose of fuzzy clustering is to identify the
number of clusters that exist in a given data set. Similar
to traditional clustering procedures, a user can specify the
expected number of clusters or let the system to "find" the
likely number of clusters from input data.

Fismat1, TrnErr, StepSize, Fismat2, ChkErr
= Anfis (TrnData, Fismat, ChkData)
(3)
where Fismat is the fuzzy model to be trained, TrnData is
the training data set and ChkData is the checking data set.
Fismatl is the resulting fuzzy model that records the
minimum training error and Fismat2 is the resulting fuzzy
model that records the minimum checking error. Usually
one is interested in finding out the model that minimizes
checking error. Therefore, Fismat2 will be the model used
to compute outputs.

In this study, we will use the GENFIS2 function
of the Fuzzy Logic Toolbox (Gulley and Jang, 1996).
This function can extract a set of rules by clustering the
training data to generate an initial fuzzy model that
describes the data behavior. The general format of the
GENFIS2 function is:
Fismat = genfis2 (Xin, Xout, radius)

(1)

Data

where Fismat is the fuzzy model estimation, Xin is the
input data set (i.e., financial ratios), Xout is the output
data set (fraud prediction), and radius specifies a cluster
center’s range of influence on each variable. A large
radius results in fewer rules and clusters, whereas a small
radius results in more rules and clusters.

A review of the literature reveals five financial
ratios as potential predictors of management fraud:
Allowance for doubtful accounts/Net sales, Allowance for
doubtful
accounts/Accounts
receivable,
Net
sales/Accounts receivable, Gross margin/Net sales,
Accounts receivable/Total assets (Blocher and Cooper,
1988; Daroca and Holder, 1985; Green and Calderon,
1995; Green and Choi, 1997). SEC's Accounting and
Auditing Enforcement Releases (SEC/AAER) will be
used as the primary data source for identifying firms that
have filed fraudulent financial statements. The five
financial ratios of these fraudulent firms will be collected,
along with those of a matching sample. Financial
statements of the non-fraud sample are those that received
unqualified auditor opinions and have not subject to SEC

Since, ideally, the data should form two clusters
(i.e., fraud versus non-fraud groups), a large weight will
be used for the GENFIS2 function. The resulting fuzzy
model includes two membership functions for each input
variable. The fuzzy model also includes two fuzzy rules
that take the following form:
if x is A and y is B then z = p*x + q* y + r

(2)
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enforcement action for the year of selection. They will be
selected directly from COMPUSTAT and matched with
the fraud sample on the basis of year, company size (total
assets) and industry (four-digit SIC). The sample will be
used to develop and validate the neural fuzzy system,
which should benefit future research and practice in
management fraud detection.

Li, S. “The Development Of A Hybrid Intelligent System
For Developing Marketing Strategy,” Decision Support
Systems (27:4), 2000, pp. 395-409.
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